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1  |  INTRODUC TION
Increasing global temperatures have led to shifts in phenology traits 
of many species over the last few decades with major ecological 
impacts (Parmesan & Yohe, 2003; Petchey et al., 1999). Such shifts 
include leaf unfolding of trees (Fu et al., 2015), spring- flowering 
of plants (Fitter & Fitter, 2002), emergence of butterflies (Roy & 
Sparks, 2000), timing of egg laying in seasonally reproducing birds 
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Abstract
Species with a circannual life cycle need to match the timing of their life history events 
to the environment to maximize fitness. However, our understanding of how circan-
nual traits such as timing of reproduction are regulated on a molecular level remains 
limited. Recent studies have implicated that epigenetic mechanisms can be an im-
portant part in the processes that regulate circannual traits. Here, we explore the 
role of DNA methylation in mediating reproductive timing in a seasonally breeding 
bird species, the great tit (Parus major), using genome- wide DNA methylation data 
from individual females that were blood sampled repeatedly throughout the breeding 
season. We demonstrate rapid and directional changes in DNA methylation within 
the promoter region of several genes, including a key transcription factor (NR5A1) 
known from earlier studies to be involved in the initiation of timing of reproduction. 
Interestingly, the observed changes in DNA methylation at NR5A1 identified here are 
in line with earlier gene expression studies of reproduction in chicken, indicating that 
the observed shifts in DNA methylation at this gene can have a regulatory role. Our 
findings provide an important step towards elucidating the genomic mechanism that 
mediates seasonal timing of a key life history traits and provide support for the idea 
that epigenetic mechanisms may play an important role in circannual traits.
K E Y W O R D S
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(Both & Visser, 2001) and hibernation phenology in squirrels (Lane 
et al., 2012). While temporal shifts in circannual traits are well docu-
mented (Parmesan, 2007; Parmesan & Yohe, 2003; Thackeray et al., 
2016), we know surprisingly little about the genomic basis of circan-
nual traits (Franks & Hoffmann, 2012).
Epigenetic modifications (i.e., chemical modifications of the 
DNA sequence or chromatin proteins that affect gene expression 
and consequently traits without changes in the DNA sequence; 
Suzuki & Bird, 2008), constitute promising genomic mechanisms for 
the regulation of circannual traits. Indeed, recent studies in plants 
(Bastow et al., 2004; Wilschut et al., 2016; You et al., 2017), insects 
(Pegoraro et al., 2016) and mammals (Stevenson, 2017; Stevenson 
& Prendergast, 2013) have emphasized the potential for short- 
term temporal variation in epigenetic modifications to be involved 
in mediating the temporal expression of phenology traits across 
taxa. For example, flowering time in Arabidopsis is characterized by 
variation in histone methylation of flowering locus C (FLC) (Bastow 
et al., 2004), photoperiodic diapause in a parasitic wasp (Nasonia 
vitripennis) is associated with variation in DNA methylation induced 
by different photoperiods (Pegoraro et al., 2016), and gonadal re-
gression in Siberian hamsters (Phodopus sungorus) is accompanied by 
photoperiod- induced and reversible variation in DNA methylation of 
type III deiodinase (dio3), a gene involved in the regulation of repro-
duction (Stevenson & Prendergast, 2013).
These studies demonstrate a role for DNA methylation in the 
regulation of circannual traits and suggest that epigenetic modifica-
tions can be an important part of the molecular control of circannual 
traits (Stevenson & Lincoln, 2017), similar to what is observed for 
circadian rhythms (Stevenson, 2018). However, the generality of epi-
genetic modifications being involved in circannual traits is limited to 
a handful of species and thus further studies examining this would 
be very useful.
To investigate the potential for DNA methylation to mediate 
seasonal timing of reproduction, we have conducted experiments 
using great tits (Parus major). The great tit is well suited for examin-
ing whether DNA methylation is involved in controlling circannual 
rhythms as it is a seasonal breeder which times its onset of breed-
ing with environmental cues such as photoperiod (Dawson et al., 
2001; Sharp, 2005), temperature (McClerry & Perrins, 1998; Visser 
et al., 2009) and possibly the emergence of caterpillars (Jones, 1972; 
Noordwijk et al., 1995; Schaper et al., 2011) and, like many other 
species, great tits have advanced their phenology over the last few 
decades (McClerry & Perrins, 1998; Visser et al., 2003; Winkel & 
Hudde, 1997). In recent years, the great tit has increasingly been 
the subject of studies with a focus on molecular ecology and evolu-
tion (e.g., Bosse et al., 2017; Laine et al., 2016; Perrier et al., 2018) 
providing us with species- specific knowledge on DNA methylation 
(Derks et al., 2016; Lindner et al., 2021; Sepers et al., 2019; van Oers 
et al., 2020; Viitaniemi et al., 2019). In vertebrates, methylation pre-
dominately occurs on cytosines. In great tit blood cells, 97% of the 
methylation occurs in a CG context, often referred to as “CpG sites.” 
In brain cells, however, DNA methylation occurs both in CG and in 
non- CpG context (CHH) (Derks et al., 2016). How CpG methylation 
affects the expression of genes depends strongly on the genomic 
location; in close proximity to the transcription start site, low levels 
of DNA methylation associate with lower expression of the respec-
tive gene while CpG methylation at other genomic locations such as 
transposable elements might not necessarily reduce the expression 
of genes (Derks et al., 2016; Laine et al., 2016).
For DNA methylation to be involved in mediating seasonal tim-
ing of reproduction in great tits, DNA methylation must change 
over a short time (i.e., throughout the breeding season). Although 
many recent studies have examined DNA methylation in wild spe-
cies (Heckwolf et al., 2020; Rubenstein et al., 2016; Saino et al., 
2017, 2019; Sepers et al., 2019), we still know very little about the 
temporal stability of DNA methylation. We have previously demon-
strated that just over 40,000 CpG sites do indeed display tempo-
ral changes in DNA methylation throughout the breeding season 
in great tits (Viitaniemi et al., 2019). However, individual females 
vary in their timing of reproduction and hence it is unclear whether 
these temporal changes in DNA methylation relate to the repro-
ductive timing of females. Based on this previous work, we here 
focused on whether temporal patterns in DNA methylation vary 
with the reproductive timing of females (i.e., time relative to when 
females initiate egg laying) rather than time per se to investigate 
whether temporal patterns in DNA methylation have the potential 
to mediate seasonal timing of reproduction. We tested for differ-
ential methylation between reproductive timing groups and used 
an unsupervised approach (comethylation analysis) to examine the 
association between changes in CpG methylation and reproduc-
tive timing. Our results suggest that DNA methylation might act 
as a molecular switching mechanism of the reproductive cascade 
by mediating, among other genes, the expression of a key tran-
scription factor. Our findings highlight the potential role for DNA 
methylation in the genomic mechanism that mediates reproductive 
timing in great tits.
2  |  MATERIAL S AND METHODS
2.1  |  Study system
We used the great tit, a well- known model species in ecology and 
evolution with a reference genome (Laine et al., 2016) and whole 
transcriptome and methylome for various tissues (Derks et al., 2016; 
Laine et al., 2016; Santure et al., 2011). The individuals included are 
part of a bidirectional selection experiment for early and late repro-
duction using genomic selection (Gienapp et al., 2019; Verhagen, 
Gienapp, et al., 2019 details in Methods S1). For the experiment, 
18 breeding pairs of the early selection line as well as 18 pairs of 
the late selection line of the F2 generation were housed in climate- 
controlled aviaries mimicking natural temperature and photoperiod 
patterns of a cold and warm year in the Netherlands (Laine et al., 
2019; Verhagen, Laine, et al., 2019), but here we focus on females 
from the early selection line only. Within the early selection line, 
we found no significant difference in laying dates between the 
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temperature environments (Kruskal– Wallis test; χ2 = 0.4213, df =1, 
p = .5163, Table S1). Since the temperature environment was part 
of the experimental set up, we nevertheless included temperature 
treatment as a fixed factor in our analyses, but we did not focus on 
this aspect further in this study.
2.2  |  Blood sampling and sample selection
Pairs were blood sampled biweekly in two batches from January 
to July between 8:30 a.m. and 2:30 p.m. from the jugular vein (up 
to 150 µl) and for DNA extraction red blood cells were separated 
from the plasma (Mäkinen et al., 2019) (details in Methods S2). We 
chose samples from 16 females of the early selection line collected 
at four sampling times based on the females’ realized laying dates 
(Figure 1; Table S2): the day when (i) day length >12 hr, (ii) 25% of the 
females exposed to the warm temperature environment had initi-
ated egg laying, (iii) 25% and 50% of the females exposed to the cold 
and warm temperature environment respectively had initiated egg 
laying, and (iv) 50% of the females exposed to the cold temperature 
environment had initiated egg laying. One blood sample is missing 
for one female (due to the female incubating) at the fourth sampling 
time, resulting in a total of 63 samples. Although samples of 16 fe-
males were sequenced, two females did not initiate egg laying dur-
ing the experiment and the respective samples were removed from 
statistical analyses, reducing the data set to 55 samples (see Table 
S2 for samples used in differential methylation and comethylation 
analysis).
2.3  |  Sample processing and reduced 
representation bisulfite sequencing
We used a reduced representation bisulfite sequencing (RRBS) ap-
proach, a method that enriches sequenced reads for CpG sites by 
using the restriction enzyme mspI that nonrandomly cuts DNA in 
coding regions and in CG- rich areas such as CpG islands and in this 
way reduces the number of reads required to obtain high coverage 
of a reproducible fraction of genome- wide CpG sites (Gu et al., 2011; 
Meissner et al., 2008). Library preparation and sequencing was done 
by the Roy J. Carver Biotechnology Centre (University of Illinois at 
Urbana- Champaign, USA). For details on sample processing and se-
quencing see Mäkinen et al. (2019). In short, DNA was extracted 
using the FavorPrepT M 96- well Genomic DNA Kit (Favorgen) and 
libraries for RRBS were prepared following the manufacturer's pro-
tocol (Illumina). Sixteen libraries were randomly pooled into four 
sets and run on eight lanes such that every set was run on two 
lanes with 100 bp from single end reads. All lanes were run on the 
same flow cell on a HiSeq 2500 sequencer using the HiSeq RRBS 
sequencing kit version 4 (Illumina). RRBS data have been submit-
ted to the NCBI BioProject database (http://www.ncbi.nlm.nih.gov/
biopr oject/) under BioProject PRJNA208335 and accession nos. 
SRX3209916– SRX3209919.
2.4  |  Sequence alignment and CpG site calling
Sequence alignment (Mäkinen et al., 2019), CpG site calling (Mäkinen 
et al., 2019), quantification of DNA methylation (Mäkinen et al., 
2019) and general methylation statistics of the data set (Viitaniemi 
et al., 2019) are described in the respective publications. CpG sites 
with a minimum of 10× coverage in all samples were included, result-
ing in methylation information of 522,645 CpG sites covered in each 
of the 55 samples.
2.5  |  Promoter region and gene annotation
The RRBS approach enriches for CpG site- rich regions, which are 
present through the genome but are particularly common in pro-
moter regions of the great tit genome (Derks et al., 2016). We here 
focused on CpG sites close to the transcription start site of genes as 
this is the region for which CpG site methylation has a strong nega-
tive effect on gene expression (Laine et al., 2016). We defined a re-
gion spanning 2000 bp upstream to 200 bp downstream of a gene's 
transcription starting site as its promoter region, the region we used 
to annotate CpG sites using the Parus major reference genome build 
1.1 (https://www.ncbi.nlm.nih.gov/assem bly/GCF_00152 2545.2) 
and R packages genomicfeatures (Lawrence et al., 2013) version 
1.30.0 and rtracklayer version 1.42.2 (Lawrence et al., 2009). We 
found 223,282 CpG sites located within the promoter region of 
12,325 genes (out of 18,611 annotated genes) using bedtools ver-
sion 2.26.0 (Quinlan & Hall, 2010). Average CpG site methylation 
levels of these 223,282 sites are provided in Table S3 (average over 
all samples) and Table S4 (average for each sample). Note that one 
F I G U R E  1  Reproductive timing. (a) Mean laying date with 
standard errors (in April dates, i.e., 1 = April 1) with the laying 
date of individual females (n = 14) in the background. (b) The 
reproductive timing (y- axis) of the four reproductive timing 
groups (x- axis): (1) early pre- laying group, (2) late pre- laying group, 
(3) laying group, (4) post- laying group. Reproductive timing is 
calculated as the sampling date centred by females’ laying date (i.e., 
reproductive timingij = sampling dateij – laying datej for sampling 
time i and female j). Mean reproductive timing of each group with 
standard errors is shown and reproductive timing of the individual 
samples within each group are displayed in the background. Yellow 
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CpG site can be associated to the promoter region of two genes if 
the two genes are located on opposite strands and have overlapping 
promoter regions.
2.6  |  Differential methylation analysis
We calculated the reproductive timing as the sampling date centred 
by the respective females’ laying date (Table S2) and used this to 
group samples of all 14 females into four different reproductive tim-
ing groups: early pre- laying group (64– 38 days prior to laying), late 
pre- laying group (27– 16 days prior to laying), laying group (2 days 
before to 3 days after laying), and post- laying group (8– 17 days after 
laying) (Figure 1; Table S2). Each reproductive timing group consti-
tutes seven samples (making a total of 28 samples). Although the 
grouping of samples reduced our sample size, the grouping allows us 
to test for differences in methylation levels between any of the re-
productive timing groups without limiting our analysis to an a priori 
defined trend for the change in DNA methylation over reproductive 
timing. To balance the temperature environments across groups, we 
included four samples from females exposed to one temperature 
environment and three samples from females exposed to the other 
temperature environment in each group (Table S5).
We calculated the average methylation level for each CpG site 
over the samples within each reproductive timing group (with equal 
weights for all samples) and used these average methylation levels to 
filter CpG sites such that only sites with at least 10% change in aver-
age methylation level between any of the four reproductive groups 
were included in the differential methylation analysis (Leenen et al., 
2016), reducing the data set to 5,097 CpG sites.
We applied a generalized linear mixed model (GLMM) approach 
to identify sites that were significantly differentially methylated be-
tween any of the four reproductive timing groups using R package 
lme4qtl version 0.1.10 (Ziyatdinov et al., 2018). For each of the 5,097 
CpG sites we fitted a GLMM with binomially distributed errors as 
specified in Equation 1: 
with y for the modelled response, a two- column matrix of methylated 
and unmethylated counts as the dependent variable to account for 
variation in CpG site coverage (corresponding to methylation levels 
weighted by the total number of counts, Lea et al., 2017; Zhang et al., 
2016), µ for the intercept term, xRS, xTE and xB for the vector relating 
samples to their reproductive timing group, temperature environment, 
and batch, respectively, βRS, βTE and βB for the reproductive timing 
group, temperature environment, and batch effect, respectively, Z for 
an incidence matrix relating samples to their observed values, f and r 
for the random effects for repeated measurements and relatedness, 
and e for the residuals. Genomic relatedness was calculated using the 
R package genabel version 1.8.0 (Aulchenko et al., 2007). We used a 
boundary distance of 0.01, a maximum number of iterations of 2 × 108, 
and “bobyqa” as an optimizer to speed up computation and optimize 
convergence (Powell, 2009). For each GLMM (i.e., each CpG site) we 
calculated the dispersion statistic following Zuur et al. (2013) and 
calculated the 95% highest density interval (HDI) for the distribution 
of dispersion statistics using the R package hdinterval version 0.2.2 
(Meredith & Kruschke, 2020) as in contrast to symmetric density inter-
vals, the HDI is defined such that all estimates within the interval have 
a higher probability density than estimates outside the interval also 
for nonsymmetric distributions (Kruschke, 2011). For each CpG site we 
used the fitted model to infer the estimated marginal means (EMMs) 
for each reproductive timing group and tested for an effect of any 
pairwise contrast between the EMMs of the four reproductive timing 
groups using the R package emmeans version 1.3.3 (Lenth, 2019). We 
used a Bonferroni- corrected α- threshold based on the number of CpG 
sites in the promoter region in our data set (αBF =0.05/223,282 = 2.24e- 
07) and accepted pairwise contrasts with a p- value below this thresh-
old as significant. We excluded one CpG site (chr22_2621974) as the 
respective model failed to converge. Dispersion statistics were nor-
mally distributed with a median of 1.09 (95% confidence interval [1.08, 
1.10]) and HDI of [0.45, 1.83] (Figure S1 and Table S2) and we excluded 
the 256 CpG sites outside the 95% HDI from evaluation of the differ-
ential methylation analysis. Although quantile– quantile plots indicate 
a slight “epi- genomic” inflation (Figure S2), vulcano plots (Figure S3), 
significance vs. mean coverage plots (Figure S4), and p- value distribu-
tions (Figure S5) do not indicate any inflation of p- values; the vulcano 
plots show the expected V- shaped pattern in which highly significant 
CpG sites are the sites with the highest difference in methylation lev-
els, significance vs. mean coverage plots did not show a p- value bias 
of high coverage towards low p- values (i.e., high - log10[p- values]), and 
p- value distributions show the expected uniform- like distribution that 
is enriched towards low p- values.
2.7  |  Comethylation analysis
For the weighted comethylation network analysis (comethylation 
analysis) we used the R package wgcna version 1.66 (Langfelder & 
Horvath, 2008) to cluster CpG sites into modules based on similar-
ity in methylation pattern throughout the reproductive timing of fe-
males. The package implements functions to cluster CpG sites into 
modules based on similarity in methylation pattern over samples. 
The modules, in turn, can be correlated to sample traits of interest. 
The package is mainly applied to expression data (Laine et al., 2019; 
Langfelder & Horvath, 2008), but is increasingly used for methyla-
tion data (Horvath et al., 2012; Lim et al., 2018; Nardone et al., 2017; 
van Eijk et al., 2012; Wang et al., 2016). In contrast to the differential 
methylation analysis, all 55 samples of females that have initiated 
egg laying were used (as no outliers were detected using hierarchical 
clustering, Figure S6).
We used the same set of 5,097 CpG sites as for the differential 
methylation analysis as we found a skewed scale- free topology when 
using all 223,282 CpG sites located within the regulatory region of 
genes (Figure S7, but see below). A network is specified by its adja-
cency matrix aij (symmetric n × n matrix with entries in [0,1]) whose 
(1)y =  + xRSRS + xTETE + xBB + Zf + Zr + e,
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component aij encodes the network connection strength between site 
i and j. The adjacency, see Equation 2, is constructed from correlations
with power being the soft thresholding power which is used to em-
phasize strong correlation on the expense of weak correlations. We 
chose the power based on the scale- free topology criterion (Zhang 
& Horvath, 2005). We picked a soft threshold of 14 as this is the 
lowest power at which scale free topology index R2 > .9 (truncated 
R2 = .99) and mean connectivity decreases to 2.50 (Figure S8). Thus, 
the weighted networks used here are highly robust with regard to the 
power. Furthermore, weighted networks allow the adjacency to take 
on continuous values between 0 and 1 (in unweighted networks ad-
jacency is either 1 or 0, which does not reflect the continuous nature 
of the underlying DNA methylation levels). We specified a merge cut 
height of 0.65 to prevent high adjacency between module eigensites 
(Figure S9, but see Figure S10 for adjacency between module eigen-
sites with a merge cut height of 0.15).
Each detected module was randomly assigned a colour and the 
methylation profile of each module was summarized as a module's 
eigensite equivalent to the first principal component of a module 
based on the methylation profile of all CpG sites within that mod-
ule. For each detected module, we tested whether the methylation 
profile of CpG sites within a module covaried with the reproductive 
timing of females by correlating the module eigensite of a module 
with reproductive timing. We also tested for correlations of module 
eigensites with other sampling traits (i.e., laying date per se, sam-
pling date, female identity and temperature environment). We used 
a Bonferroni- corrected α- threshold based on the number of correla-
tions tested (αBF =0.05/50 = 0.001 for correlations of 10 modules 
with five sampling traits) and accepted correlations with a p- value 
below this threshold as significant. Modules with a significant cor-
relation to reproductive timing and CpG sites within such modules 
that show a significant module membership and a significant trait- 
based site significance are potential candidates for further validation 
(Langfelder & Horvath, 2008). The module membership of a CpG 
site is based on the correlation of the CpG site- specific methylation 
profile with the module eigensite of the respective module. The 
trait- based site significance of a CpG site is based on the correlation 
of the CpG site- specific methylation profile with the reproductive 
state. We used a Bonferroni- corrected α- threshold based on the 
number of CpG sites within a module (αBF =0.05/826 = 6.05e- 05 for 
the turquoise module and αBF =0.05/234 = 2.14e- 04 for the green 
module) and accepted CpG sites with a p- value for site significance 
and module membership below this threshold as significant.
2.8  |  Functional analysis
We performed gene ontology (GO) analyses for genes identified with 
the differential methylation analysis and the comethylation analysis 
(details in Methods S6) using the cluego version 2.5.3 (Bindea et al., 
2009) plug- in for cytoscape version 3.7.1 (Shannon et al., 2003). We 
used the human annotations, GO categories “biological process,” 
“cellular components,” “molecular functions” and KEGG pathways 
(versions from July 3, 2020), and a custom background lists of all 
genes with a CpG site within their promoter region. We specified 
the selection criteria for GO terms such that >5% of the genes as-
sociated with a GO term and >3 genes associated with the GO term 
had to be present in the input genes. For the enrichment and func-
tional analysis we used a two- sided enrichment/depletion test, p- 
value correction for multiple testing via Bonferroni step down, and 
set the network specificity to “medium” ranging from third to tenth 
GO level. In addition to the GO analyses, we used the string ver-
sion 1.4.2 (Doncheva et al., 2019) plug- in for cytoscape version 3.7.1 
(Shannon et al., 2003) to construct protein– protein interaction net-
works for the same genes as in the GO analyses and used a confi-
dence cutoff of 0.7.
2.9  |  Methylation profiles of most 
significant findings
For the differential methylation analysis, we ranked genes based 
on the p- value of the most significant CpG site within their pro-
moter region in any of the pairwise contrasts between the repro-
ductive timing groups. For the comethylation analysis, we ranked 
genes for the turquoise and green module separately such that 
the rank is based on the p- value for the site significance of the 
most significant CpG site within the promoter region. We calcu-
lated the average rank for genes (i.e., sum of the ranks for the 
differential methylation analysis and the comethylation analysis 
divided by two) that had at least one CpG site in their promoter 
region that was significant in the differential methylation analy-
sis and in the comethylation analysis. We visualized the meth-
ylation profiles of significant CpG sites within the promoter 
region of such genes by plotting the methylation level against the 
reproductive timing.
3  |  RESULTS
3.1  |  Differential methylation analysis
We tested for variation in CpG site methylation between any of 
the six pairwise contrasts of the four reproductive timing groups 
(Figure 1) using a differential methylation analysis on 5,097 CpG 
sites within the promoter region of genes, a region known to af-
fect gene expression in great tits (Laine et al., 2016; and Tables 
S6 and S7). For the contrast between the early and late pre- laying 
group (a), we did not find any CpG sites with significant variation in 
methylation (Figure 2). However, we identified 35 CpG sites within 
the promoter region of 11 genes (Figure 2; Table S8) that showed 
genome- wide significant variation in methylation in at least one of 
the other five pairwise contrasts between the reproductive timing 
(2)adjacency = 0.5 ∗ (1 + cor)power ,
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groups, 11 CpG sites for the contrast between the early pre- laying 
and laying group (b), 29 CpG sites for the contrast between the 
early pre- laying and post- laying group (c), two CpG sites for the 
contrast between the late pre- laying and laying group (d), 24 
CpG sites for the contrast between the late pre- laying and post- 
laying group (e), and six CpG sites for the contrast between the 
laying and post- laying group (f). The p- values and mean change 
in DNA methylation level between the respective reproductive 
timing groups for the 35 CpG sites with genome- wide significant 
variation in DNA methylation are presented in Table S8. Genomic 
locations enriched for CpG sites with significant variation in meth-
ylation were shared between the pairwise contrasts and most pro-
nounced for the contrasts of the early (c) and late (d) pre- laying 
groups with the post- laying group (Figure 2).
3.2  |  Comethylation analysis
We used all samples independently of the grouping in a comethyla-
tion analysis to test for covariation in CpG site methylation with the 
reproductive timing of females. Thus, while the differential methyla-
tion analysis presented above required a priori defined comparisons 
between groups, in this analysis we used all samples in an unsuper-
vised approach using a weighted comethylation network analysis 
(comethylation analysis), to cluster CpG sites based on the similarity 
of their methylation profiles. Out of 5,097 CpG sites we found that 
2,347 clustered into nine different modules (Table S9) and assigned 
all remaining CpG sites to the grey module. We defined the module 
eigensite of each module as the first principal component of the re-
spective module, which explained between 5% (grey module) and 
46% (salmon module) of the variance in CpG site methylation (Figure 
S11 and Table S11). For two modules, we found a significant cor-
relation between the modules’ eigensite and the reproductive tim-
ing of females: a positive correlation for the turquoise module (.66, 
p = 1.57e- 06, Figure 3b) and a negative correlation for the green 
module (−.71, p = 4.82e- 08, Figure 3c; Table S11 and Table S12). 
The module eigensites of the turquoise and green modules did not 
correlate significantly with the temperature environment or female 
identity (see Figure S12 and Table S11– Table S13 for the correla-
tion between all module eigensites and additional sampling traits of 
interest).
We defined the site significance and module membership of 
each CpG site as the correlation of the CpG site's methylation 
pattern with the reproductive timing of females and with the 
module eigensite, respectively. For all 5,097 CpG sites, the site 
significance and the module membership with all 10 modules are 
presented in Table S14. For the turquoise and green modules, we 
found 38 CpG sites within the promoter region of 20 genes and 44 
CpG sites within the promoter region of 13 genes with significant 
site significance and module membership, respectively (Figure 
S13 and Tables S15– S18).
3.3  |  Functional analysis
We performed GO and string analyses on the genes found in the 
differential methylation analysis and comethylation analyses, but we 
did not detect any significantly enriched functional GO groups or 
protein– protein interaction networks. Hence, the genes we identi-
fied have not been previously described to share biological functions 
or interact with each other.
3.4  |  Methylation profiles of most 
significant findings
To identify the CpG site methylation patterns that most strongly 
associated with reproductive timing of females, we combined the 
findings from the differential methylation analysis and comethyla-
tion analysis. This resulted in a list of 10 genes with at least one CpG 
site that was genome- wide significant in the differential methylation 
analysis and had significant site significance and module member-
ship in the comethylation analysis (Table S19 and S20). CpG sites 
within the promoter region of six of these genes showed a decrease 
in DNA methylation with the reproductive timing of females: six 
sites in LOC107215054 (MYLK- like, up to 74% decrease in methyla-
tion level within site), eight sites in LOC107209693 (GP2- like) and 
DRC7 (up to 86% decrease in methylation level within site), two 
sites in LOC107213450 (uncharacterized gene, up to 83% decrease 
in methylation level within site), one site in NUDC (up to 57% de-
crease in methylation level within site), and one site in DLG3 (up 
to 67% decrease in methylation level within site, Table S21 and 
S22, right panel of Figure 4). At most of these CpG sites the de-
crease in methylation level was initiated 3– 4 weeks prior to laying 
and methylation stabilized at low levels about a week after laying, 
while methylation levels of the CpG site in NUDC decreased until 
3 weeks prior to laying and were consistently low throughout laying 
(right panel of Figure 4). CpG sites within the promoter region of 
four genes showed an increase in DNA methylation with the repro-
ductive timing of females: three sites in NR5A1 (up to 87% increase 
in methylation level within site), five sites in CFAP45 (up to 94% in-
crease in methylation level within site), four sites in SLC6A9 (up to 
80% increase in methylation level within site), and four sites in CLUH 
(up to 87% increase in methylation level within site, Table S21 and 
Table S22; left panel of Figure 4). At most of these CpG sites the 
increase in methylation level was initiated approximately 3 weeks 
F I G U R E  2  Manhattan plots. p- values (in −log10 scale) correspond to the significance of difference in DNA methylation level between 
the respective reproduction timing groups. Black lines mark the genome- wide significance threshold (Bonferroni- corrected, −log10(αBF) = −
log10(0.05/223,282) =6.65). “Sc” refers to unplaced scaffolds. All pairwise comparison of the four reproductive timing groups are displayed: 
(a) early vs. late pre- laying, (b) early pre- laying vs. laying, (c) early pre- laying vs. post- laying, (d) late pre- laying vs. laying, (e) late pre- laying vs. 
post- laying, and (f) laying vs. post- laying
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prior to laying and methylation stabilized at medium to high levels 
about 3 weeks after the laying date (left panel of Figure 4).
4  |  DISCUSSION
The genomic mechanism that mediates the timing of phenology 
traits remains largely unknown (Caro et al., 2013), but recent stud-
ies on plants (Bastow et al., 2004; Wilschut et al., 2016; You et al., 
2017), insects (Pegoraro et al., 2016) and mammals (Stevenson, 2017; 
Stevenson & Prendergast, 2013) emphasize the potential for epigenetic 
modifications, such as DNA methylation, to be involved (Stevenson & 
Lincoln, 2017). Here, we add support to this idea by demonstrating 
that rapid and directional changes in DNA methylation associate with 
reproductive timing in a wild songbird species, the great tit. A differ-
ential methylation analysis and comethylation analysis identified rapid 
changes at CpG sites within the promoter region of a handful of genes 
(Table S19). Some of these genes have well- known function in mediat-
ing reproduction, which suggests that DNA methylation might act as 
a molecular switching mechanism of the reproductive cascade. Our 
study therefore illustrates the potential role for DNA methylation as a 
genomic mechanism that mediates reproductive timing.
4.1  |  Methylation profiles of significant 
genes from both differential methylation and 
comethylation analysis
When we combined findings from the differential methylation analy-
sis and comethylation analysis, we identified 10 genes that displayed 
a consistent and replicable change in DNA methylation in relation 
to the reproductive status of females. Some of these genes are well 
known from earlier studies to be involved in reproduction such as 
LOC107215054 (MYLK- like) and NR5A1.
LOC107215054 (MYLK- like) is predicted as a myosin light chain 
kinase, smooth muscle- like and shares sequence regions with the 
actual myosin light chain kinase (MYLK ), a kinase that facilitates 
phosphorylation of the myosin light chain, a process essential for 
shell gland contractile activity during oviposition, that is egg lay-
ing (Johnson, 2015; Kupittayanant et al., 2009). In chicken ova-
ries, MYLK is up- regulated during egg laying (Liu et al., 2018), a 
pattern consistent with the observed decrease in methylation at 
CpG sites within the promoter region of LOC107215054 (MYLK- 
like) in the weeks prior to laying. A recent study on the methyla-
tion landscape of chicken found that DNA methylation of MYLK 
putatively controls MYLK gene expression (Höglund et al., 2020), 
further supporting the idea that identified changes in DNA meth-
ylation at the promoter region of this gene can have a regula-
tory function by mediating gene expression. Whether both genes 
function as myosin light chain kinases, however, remains to be 
established.
LOC107213450 is a protein- coding but uncharacterized gene, 
which means that, in contrast to LOC107215054 (MYLK- like), no 
reliable gene prediction is available. As the gene network and its 
individual genes that mediate the timing of laying date in great tit 
females are currently unknown (Gienapp et al., 2017; Laine et al., 
2019), a gene of yet uncharacterized biological function with CpG 
site hypomethylation in the weeks prior to the initiation of laying 
date constitutes an interesting candidate for being involved in this 
gene network.
F I G U R E  3  (a) Correlation of the 
module eigensite of each detected 
module with reproductive timing. Yellow 
corresponds to a positive correlation and 
blue to a negative correlation. The size 
of spheres indicates the significance of 
a correlation (i.e., the bigger a sphere, 
the lower the p- value). Nonsignificant 
correlations (p > .001, Bonferroni- 
corrected α- threshold) are crossed. 
Significant correlation of the module 
eigensite with reproductive timing for (b) 
the turquoise module (0.66, p = 1.57e- 
06) and (c) the green module (−0.71, 
p = 4.82e- 08)
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F I G U R E  4  Variation of DNA methylation with reproductive timing across all samples (n = 55). Only genes with CpG sites significant in 
both analyses, i.e., differential methylation and comethylation analysis, are displayed: (a) LOC107215054 (MYLK- like), (b) NR5A1, (c) DRC7 and 
LOC107209693 (GP2- like), (d) CFAP45, (e) LOC107213450, (f) SLC6A9, (g) NUDC, (h) CLUH and (i) DLG3
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LOC107209693 (GP2- like) is predicted as pancreatic secretory 
granule membrane major glycoprotein (GP2), which is a component 
of the inner perivitelline layer surrounding the avian ovum during 
ovulation that helps to maintain the structural integrity of the vitel-
line membrane (Kido et al., 1977; Wishart & Horrocks, 2000). The 
inner perivitelline layer mechanically supports the ovum and medi-
ates the initial interaction between the ovum and spermatozoa in 
which glycopeptides are suggested to play an essential role (Wishart 
& Horrocks, 2000) and consequently GP2 might have a function in 
fertilization. Furthermore, GP2 was reported as a modulator for im-
mune response (Werner et al., 2012), such as by binding pathogenic 
enterobacteria (Hase et al., 2009). However, whether LOC107209693 
(GP2- like) and GP2 share their biological function remains to be es-
tablished. Furthermore, the promoter region of LOC107209693 
(GP2- like) and DRC7 overlap such that the CpG sites identified here 
are located within the promoter region of both genes and hence the 
observed decrease in DNA methylation can be functional for both, 
one or none of the genes.
NR5A1 codes for a transcription factor that regulates the expres-
sion of many important genes within all levels of the reproductive 
axis (Ingraham et al., 1994; Meinsohn et al., 2019) and most genes 
involved in gonadal steroidogenesis (Jameson, 2004). For exam-
ple, NR5A1 modulates the expression of the steroidogenic acute 
response protein (STAR) that transfers cholesterol to initiate an 
enzymatic cascade that comprises steroid synthesis, essential for 
folliculogenesis (Murayama et al., 2012). NR5A1 is expressed in the 
major steroidogenic tissues, such as theca and granulosa cells in the 
ovary (Ikeda et al., 1994, 1996; Ingraham et al., 1994) or hypothal-
amus (e.g., regulating hypothalamic pituitary gonadotroph orga-
nization and function; Shinoda et al., 1995). Consequently, NR5A1 
plays a key role in female reproduction such as ovarian functioning 
(Lourenço et al., 2009; Meinsohn et al., 2019) and steroidogenesis 
(Parker, 2002). Expression studies of NR5A1 in chickens are con-
cordant with the hypermethylation observed here as NR5A1 is up- 
regulated during egg laying relative to brooding (Shen et al., 2016). 
The observed DNA methylation pattern, in combination with the 
essential role of NR5A1 in ovarian functioning and steroidogenesis, 
suggests that DNA methylation might act as a molecular switching 
mechanism of the reproductive cascade by mediating the expression 
of a key transcription factor, NR5A1.
The remaining genes are linked to general biological processes 
and functions: cilia and flagella motor activity (DRC7 and CFAP45; Li 
et al., 1999; Heuser et al., 2009; Fu et al., 2018), mitosis, cytokinesis, 
ciliogenesis, neuronal migration, platelet production and inflamma-
tory response (NUDC; Aumais et al., 2003; Fu et al., 2016), neuro-
transmission and cellular and whole body homeostasis (SLC6A9; 
Bröer & Gether, 2012), synaptic transmission, development and 
plasticity (DLG3; Tarpey et al., 2004; Qu et al., 2009), and control 
of cell energetic and metabolic status (CLUH; Wakim et al., 2017). A 
more detailed description of these functions and, if applicable, their 
potential involvement in mediating reproduction is given in Text S1.
We have previously demonstrated temporal changes in DNA 
methylation over the breeding season in great tits at around 40,000 
CpG sites (Viitaniemi et al., 2019) and several of the genes that we 
identify here were on the list of genes that displayed temporal change 
over the breeding season. However, in the study by Viitaniemi et al. 
(2019), we were not able to link the changes in methylation directly 
to the reproductive status of females, as we only examined within- 
female change in DNA methylation over time per se. As females vary 
in their reproductive timing, such temporal changes in methylation 
can be due to numerous factors (change in age, environmental con-
ditions, etc.) and not necessarily relate to reproductive timing. By 
instead focusing on the association between the reproductive timing 
of females and changes in DNA methylation, we can now demon-
strate their potential involvement in the initiation of egg laying in 
this species.
4.2  |  DNA methylation as a general mechanism for 
regulation of circannual phenotypes
In contrast to the well- described circadian clock gene pathways, the 
gene and regulatory pathways underlying the circannual expression 
of traits are less well described and experimental data confirming 
a functional role of DNA methylation in producing and maintaining 
circannual rhythms are limited (Stevenson, 2018). In Siberian ham-
sters, the expression of enzymes that mediate DNA methylation, 
DNA methyltransferases (dnmts), decreased in response to short 
photoperiod and coincided with the decrease in DNA methylation 
within the promoter region of dio3, a gene known to inhibit the re-
productive cascade (Stevenson & Prendergast, 2013). This decrease 
in promoter DNA methylation of dio3, in turn, was accompanied by 
an increase and dio3 expression and gonadal regression. This study 
provided the first evidence for DNA methylation and enzymes 
that mediate DNA methylation to underly a photoperiod- induced 
response on the phenotypic level. Also, nonmammalian systems 
provide evidence for a role of epigenetics in mediating circannual 
phenotypes; in Arabidopsis flowering time was characterized by 
variation in histone methylation of flowering locus C (FLC) (Bastow 
et al., 2004) and in a parasitic wasp photoperiodic diapause was as-
sociated with photoperiod- induced variation in DNA methylation 
(Pegoraro et al., 2016). In avian systems few studies have examined 
the association between DNA methylation patterns and circannual 
phenotypes, so the potential generality of our finding is difficult to 
assess. The only other study we are aware of used a candidate gene 
approach to demonstrate that DNA methylation at the CLOCK gene 
is correlated with laying date and other circannual phenotypes in 
barn swallows (Hirundo rustica) (Saino et al., 2017).
4.3  |  Caveats and future outlook
The interpretation of our findings is based on the assumption that 
CpG site methylation within the promoter region of a gene af-
fects the transcription of the gene, which in turn has the potential 
to change the expression of phenotypes (Bossdorf et al., 2008; 
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Rubenstein et al., 2016; Verhoeven et al., 2016). This is generally 
true and also the case in the great tit where DNA methylation in 
the promoter region is negatively correlated with gene expression, 
and especially close to the transcription start site low levels of DNA 
methylation are sufficient to shut down the expression of the respec-
tive gene (Laine et al., 2016). We therefore restricted our analyses 
to CpG sites within the promoter region of genes to specifically look 
at CpG sites that we expect to have an effect on gene expression. 
However, this also means that we miss any impact of CpG sites in 
genomic locations outside this region which also can have effects on 
gene expression (Anastasiadi et al., 2018). Furthermore, recent stud-
ies suggest that variation in DNA methylation may not exclusively 
acts as a cause of gene expression, but can be a downstream conse-
quence of gene expression (Pacis et al., 2019). We acknowledge that 
the data used here does not allow to test whether DNA methylation 
acts as a cause or consequence of gene expression. Equally, it is im-
portant to keep in mind that, as with any association study, we are, 
of course, unable to demonstrate a causal link between the change 
in DNA methylation and timing of egg laying. For this experimental 
validation, using functional tools is needed and at this point this is 
not feasible on nonmodel organisms such as the great tit.
On question is also to what degree the observed changes in DNA 
methylation are dependent on the DNA sequence. Recent studies 
have demonstrated that genetic variants can underly local and dis-
tant variation in DNA methylation in a variety of species: Arabidopsis 
thaliana (Dubin et al., 2015), maize (Xu et al., 2019), reef- building cor-
als (Liew et al., 2020), inter- crosses between wild derived junglefowl 
and domestic chickens (Höglund et al., 2020), and humans (Heyn 
et al., 2013). While we controlled for relatedness among individuals 
in our differential methylation analysis using single nucleotide poly-
morphism (SNP) genotype data, the number of females sampled is 
too small to detect any genome- wide significant effects of SNPs on 
local or distant variation in DNA methylation. Hence, we do not know 
whether identified patterns in DNA methylation are dependent on 
local genetic variation or genetic variation elsewhere in the genome.
RRBS has become a popular approach for methylation profiling 
as it enriches for CpG- rich regions of the genome such as the tran-
scription start site and the promoter region and in this way reduces 
the number of reads required to obtain a high coverage of a repro-
ducible fraction of CpG sites per sample (Gu et al., 2011; Husby, 
2020; Meissner et al., 2008). The downside of RRBS, like all reduced 
approaches, is that it covers only a small fraction of the genome and 
thus we might miss changes in methylation at regions not sequenced.
A difficulty with all ecological epigenetic studies is to determine 
which tissue type to sample when associating DNA methylation with 
a phenotype of interest (Derks et al., 2016; Husby, 2020; Verhulst 
et al., 2016). We repeatedly blood sampled great tit females and 
used isolated red blood cells to examine within- female patterns in 
CpG site methylation. The strength of this approach is that we are 
able to examine how DNA methylation covaries with the reproduc-
tive timing within females. More informative tissues such as gonads, 
hypothalamus or liver cannot be sampled repeatedly and do not 
allow a direct correlation with the reproductive timing of females as 
some females would be sampled before the initiation of egg laying 
and hence do not yet express the phenotype of interest.
Many ecological epigenetic studies measure DNA methylation 
from blood samples (see table 1 in Husby, 2020), but the relevance of 
methylation in blood compared to methylation patterns in other tissues 
is only starting to be understood. It is well known that methylation is 
tissue- and even cell type- specific (Schilling & Rehli, 2007), but some 
recent studies have also demonstrated correlations in methylation lev-
els across tissues (Tylee et al., 2013). For example, in humans nearly 
10,000 genomic regions with a correlated methylation pattern between 
different tissues were identified that also varied between individuals 
(Gunasekara et al., 2019). In great tits red blood cell and liver DNA 
methylation change predictably in both a tissue- specific and a tissue- 
general manner (Derks et al., 2016; Lindner et al., 2021), suggesting 
that tissue- general changes in DNA methylation can be expressed in a 
tissue- specific manner (Lindner et al., 2021). Future studies examining 
tissue- specific correlations in DNA methylation and RNA expression in 
ecological model organisms will be highly valuable for the field.
5  |  CONCLUSION
We demonstrate that CpG site methylation within the promoter re-
gion of genes covaried with the reproductive timing of females and 
that the observed DNA methylation patterns are in line with expres-
sion pattern of the respective genes in chicken. This highlights the 
potential for an epigenetic modification to play an important role in 
the genomic mechanism that mediates phenology in this species, al-
though, as for any association study, experimental work is ultimately 
needed to verify this.
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